Abstract: This work describes a method to search for similarities across proteinprotein interaction networks of different organisms. The technique core consists in computing a maximum weight matching of certain bipartite graphs. Such graphs result from comparing the neighbourhoods of pairs of proteins occurring in distinct networks we are analyzing. The basic idea here is that proteins belonging to different networks should be matched looking not only at their own sequence similarity, but also at the similarity of proteins they significantly interact with. Our technique allows for the exploitation of both quantitative and reliability information possibly available about protein interactions, thus making the analysis more accurate. We tested the method on the three networks of S. cerevisiae, D. melanogaster and C. elegans. The experiments showed that the technique is able to detect functional orthologs when the sole sequence similarity does not prove itself sufficient. Moreover, they also demonstrated the capability of our approach in discovering common biological processes involving also not well characterized proteins.
Introduction
The problem of identifying conserved functional components across species is a central problem in biology. After that huge efforts have been paid toward completing the genome coding of several organisms [4] , a large deal of attention is now turning towards the analysis of the ever increasing amount of annotated proteins. The observation that biological variations caused by evolution influence the ways proteins interact with one another, recently persuaded biologists that a protein cannot be analyzed independently of the other proteins participating into common biological processes [26] . The set of all the proteinprotein interactions of a given organism is its interactome, which is usually modeled by an indirect graph, called protein-protein interaction network (PPI network, for short), where nodes represent involved proteins and edges encode their interactions. Protein interactions are usually discovered by high-throughput experimental techniques [10, 12] and computational methods [14, 26] ; in both cases, the resulting interactions to hold is not completely reliable [23] , as also testified by several specific studies [1, 5] . Clear enough, the limited reliability of such data may potentially affect any attempt to extract useful information from them. In this respect, as it will become apparent later on this paper, our approach allows to incorporate both quantitative and reliability information about protein interactions, in order to limit the potential impact of this problem.
In this paper, we deal with the problem of searching for functional conservation across interaction networks of different organisms. This problem has been already considered in several work appearing in the literature (e.g., [2, 7, 11, 20, 21] , which are further com-author mented upon in the following Section 3). Our technique, inspired by database approaches [17] , is based on the computation of maximum weight matchings [8] on bipartite graphs to "measure" the similarity between nodes of two networks. The intuition here is that a protein in one network should be actually considered similar to a protein in the other network as long as not only they are characterized by a good sequence similarity, but the neighbourhoods of their associated nodes, that are, proteins they interact with, turn also out to be similar as well, which is consistently assumed within the literature [2, 6, 21] . Thus, we consider sequence similarities between proteins of different networks and refine them by analyzing the similarities of their neighbourhood proteins. In particular, we exploit a concept of "neighbourhood" that is different from the one adopted in other works (such as in [2, 21] ), ours being not simply related to the number of edges connecting two nodes. Rather, we associate weights to paths and we use them to partition nodes into neighbourhoods. When weight information to be associated to paths are not available, our definition can be also reduced to the usual one.
Our technique is independent of the topology of analyzed networks and, as mentioned, it provides the possibility to incorporate both quantitative and reliability information throughout the analysis. Our approach, encoded in the algorithm called BI-GRAPPIN (that is, Bipartite GRAph based Protein-Protein Interaction Networks analysis), can be summarized as follows. Given two PPI networks, BI-GRAPPIN considers each pair (p , p ) of proteins from the first and the second network, respectively. If the two proteins at least feature a weak sequence similarity (e.g., the BLAST E-value ≤ 10 −2 , as also done in [11] ), the algorithm starts by exploring the first two neighbourhoods of p and p . Such neighbourhoods are used to build bipartite graphs on which a maximum weight matching w.r.t. sequence similarities is computed. The value thus obtained is combined with the sequence similarity of p and p to compute a new current and refined similarity value for the two proteins, which will be further refined in its turn by iteratively analyzing the farthest neighbourhoods of p and p . The graph exploration stops when a given number of neighbourhoods of p and p has been analyzed.
To validate the effectiveness of our technique, we run it on the three PPI networks of the yeast Saccharomyces cerevisiae, the fly Drosophila melanogaster and the worm Caenorhabditis elegans by performing two different kinds of experiments. The first one concerns the individuation of functional orthologs [2] , that are, proteins performing the same biological function in different species; we compared our results with those presented in [2, 22] , and showed that our method is successful in individuating those orthologs. In the latter one, we aligned the S. cerevisiae network first with the D. melanogaster network and then with the C. elegans one, to verify that our neighbourhoods analysis approach can be profitably exploited in order to individuate common processes in which proteins are involved. This latter experiments showed that BI-GRAPPIN is able to correctly single out proteins that are known to be involved in similar biological processes, thus confirming its correctness and reliability. Furthermore, those experiments highlighted the merits of the technique in helping to understand the role of not yet well characterized proteins. In this respect, note that we chose to align the yeast network against the fly and worm ones, being the yeast a much more characterized organism than the other two.
The rest of the paper is organized as follows. In the next section the BI-GRAPPIN algorithm is illustrated in detail. Then, in Section 3, a description of the main related work dealing with the topics under consideration is provided, and the differences of our method with those related ones are pointed out. Experimental evaluations, and the comparison between our results and those presented in [2, 22] , are reported in Section 4. Finally, in Section 5, we draw some conclusions.
A technique for protein similarity refinement
We introduce below some useful definitions. Then, in Section 2.1, we shall present the algorithm BI-GRAPPIN, and in Section 2.2 we shall illustrate three examples showing the behavior of the algorithm on some artificial, yet significant, application cases.
The most common representation for protein-protein interaction networks is that of undirected graphs, where nodes represent involved proteins and edges denote interactions between proteins. Definition 2.1. (Graph Protein-Protein Interaction Network) Let P = {p 1 , p 2 , . . . , p n } be the set of nodes denoting the proteins of a given organism (and identified by protein ids), and let I be a set of (undirected) labeled edges {p i , p j }, l , associated to the interactions between pairs of proteins. Each edge label l is a pair of the form w, c of real numbers in the interval [0, 1], called weakness and confidence, resp. A graph protein-protein interaction network (or graph PPI network) is then G N = P, I .
Thus, edge labels are used to encode both quantitative and reliability information about protein-protein interactions under analysis, whenever available. For example, quantitative information might concern protein-protein interaction strength [13, 24] , and the term w of the label pair is intended to encode such an information so that larger values of w denote weaker interactions. Beside quantitative information, we are also interested in representing the reliability associated with information stored interaction networks [23] . Thus, the term c of the label pair represents a reliability coefficient that weighs to what extent a stored interaction should be reliably taken into account in the analysis. 
where the w u are the weakness values associated with edges u in the path and F is a user specified function, taking a nonnegative integer in input and returning a nonnegative integer as the output, such that F(0) = 0. The series {F(i)} i≥0 serves the purpose of encoding neighbourhood border weight values and, as such, to suitably "shape" the graph neighbourhood level structure. The Cumulative confidence C of an I-Path i is defined as C = u c u , where the c u denote the confidences of edges u ∈I-Path i .
Definition 2.3. (I-Shortest Path)
The I-Shortest Path between two nodes p and q in G N , denoted by sp(p, q), is that path from those linking p to q such that u w u is minimum, where w u is the weakness values associated with edges occurring in the path. If more than one such a path exists, that with maximum cumulative confidence is chosen (anyone of them, in case of a further tie). author Definition 2.4. (i-th Neighbourhood) Given a node p in a graph PPI network G N = P, I , the i-th neighbourhood of p is the set:
that is, the set of nodes that can be reached from p through an I-Path i that is also an IShortest path.
Note that while the weaknesses sum across an I-shortest path determines the i-neighborhood which a node p belongs to, the cumulative confidence is representative of the probability that p actually belongs to that i-neighbourhood.
In the following, we shall assume that the graph representing the PPI interaction network of a given organism is connected. This is reasonable in general and, whenever this condition is not satisfied, our technique can be thought of as applied to each of the connected components of the graph PPI network by its own.
The Algorithm BI-GRAPPIN
Let G N1 and G N2 be two graph PPI networks, and assume that each pair of proteins (p , p ), with p ∈ G N1 and p ∈ G N2 , have been aligned using one of the available sequence alignment algorithms. Therefore, let SSD be a sequence similarity dictionary storing all the triplets p , p , f 0 , where f 0 is a coefficient in the real interval [0, 1] obtained from the alignment parameters. (In our experiments, in order to compute f 0 , we have used the Blast 2 sequences algorithm [25] and the associated E-value parameter.) The larger f 0 is, the more similar the sequences of p and p are. The output of our technique is a new set of triplets, called F SD (i.e., Functional Similarity Dictionary). In particular, F SD stores triplets of the form p , p , f p , where p is a node in G N1 , p is a node in G N2 and f p is a protein-protein similarity coefficient in the real interval [0, 1] measuring the refined similarity between p and p , as computed by the BI-GRAPPIN algorithm, where, as before, the larger f p is, the more similar p and p are computed to be.
The algorithm starts by initializing the F SD setting it equal to the SSD. Then, each triplet p , p , f p in F SD with f p larger than a fixed cut-off value f cut-off is considered in order to refine its f p value. To this end, at the generic iteration i, the i-neighbourhoods of p and p (i ≥ 1) are iteratively generated and compared by computing the objective function of a maximum weight matching. The output of such an objective function is exploited to refine the value f p . The neighbourhood analysis stops at a fixed iteration i MAX whose value is fixed as explained later in this section. The final refined value of f p is that corresponding to the i MAX -th iteration. Figure 1 illustrates a snapshot of the algorithm.
The core of the algorithm is the evaluation of the similarity between two i-neighbourhoods, which is based on a maximum weight matching computation. Given the two i-neighbourhoods N (p , i) = {p 1 , p 2 , . . . , p m1 } and N (p , i) = {p 1 , p 2 , . . . , p m2 }, consider the sets:
Let X be set of edges { p h , p k , g hk |g hk = C hk · f hk }, where:
• f hk is the sequence similarity between p h and p k as stored in the input SSD;
• C hk = min{C h , C k }, where C h and C k are the cumulative confidences of the Ishortest paths connecting p h to the target protein p within G N1 and p k to the target protein p within G N2 , respectively.
Then, consider the bipartite weighted graph BG = (S (p , p , i) ∪ S (p , p , i), X).Thus, the fixed threshold value f match considered in building S (p , p , i) and S (p , p , i) is used to prune the set of neighbourhood nodes to be considered for the sake of the matching. Note that such a pruning is a safe one since it excludes a-priori just insignificant matches, corresponding to pairs of proteins with too a low sequence similarity. The maximum weight matching for BG is a set X ⊆ X of edges such that for each node x ∈ S (p , p , i) ∪ S (p , p , i) there is at most one edge of X incident onto x and φ(X ) =
-a sequence similarity dictionary SSD -two graph PPI networks GN 1 and GN 2 -the stop iteration iMAX -two real values fcut-off and fmatch -a real value α Ouput: a functional similarity dictionary F SD 1:
for each triplet p , p , fp in F SD begin 3:
if (fp ≥ fcut-off) begin 4:
set i = 1 5:
generate the i-th neighbourhoods N (p , i) and N (p , i) of p and p , resp. 7:
generate the sets S (p , p , i) and S (p , p , i) 8:
compute the maximum weighted match X and the set of unmatched nodes Γ 9:
refine the value of fp as:
end 13: end 14: end 15: return the functional similarity dictionary F SD
Figure 1
The Algorithm BI-GRAPPIN.
Note that φ(X ) returns a measure of how much the two involved neighbourhoods match, considering not only neighbors sequence similarities but also the associated cumulative confidences. Let Π j (X ), 1 ≤ j ≤ 2 denote the projections of X on the j − th component of its triplets. Consider the set of nodes Γ of N (p , i) and N (p , i) that remained unmatched a in a The unmatched nodes are called gap nodes in [21] .
author X , that is:
Clear enough, in evaluating the similarity of the two neighbourhoods analyzed at the generic step of the algorithm, unmatched nodes have to be taken into account by suitably decreasing the matching value, as their presence witnesses for differences in the two neighbourhoods. Therefore, the following value is computed:
where:
denotes the proportion of the unmatched nodes weighted by the cumulative confidences C γ associated with the Ishortest paths connecting p γ to the target protein p within the first network (resp. to p within the second one) over the sum of all the coefficients C β , similarly associated with nodes in N (p , i) ∪ N (p , i).
• the factor
C hk denotes the sizes of X weighted by C hk ;
• α is a coefficient used to tune the weight of unmatched nodes w.r.t. that of matched ones. We have conducted a tuning campaign and we found that setting α = 0.6 the best performances are obtained; therefore, α = 0.6 is the setting we recommend and the one we used in the experiments reported in Section 4.
At each step i, the value f p of the considered triplet p , p , f p in F SD is modified according to the following formula:
where δ(i) represents the generic term of a succession {δ(i)} i≥1 of factors used to weaken the contribution of nodes belonging to farthest neighbourhoods. Thus, {δ(i)} is monotone decreasing (in our experiments we set δ(i) = 1 1+i ). We recall that the neighbourhood analysis stops at a fixed iteration i MAX . Such a value i MAX has to be chosen in such a way as to meet two constraints:
• that the size of the analyzed neighbourhoods does not get anyway comparable with the one of the entire graphs,
• that analyzed neighbourhoods are not "too far" from the corresponding proteins, since, otherwise, the results computed via the maximum weight matching would not be actually significant. Therefore we have the following result.
Proposition 2.5. Let G N1 and G N2 be two graph PPI networks of n 1 and n 2 nodes, respectively, and let n = max{n 1 , n 2 }. Let i MAX be the chosen iteration upper bound. Let n iMAX be the maximum size of any of the sets
Proof. The I-Shortest path between each pair of nodes in each graph PPI network can be pre-computed by the Floyd-Warshall algorithm in O(n 3 ). Thus, for each of the two networks, a matrix M of size n 2 can be built where each element M [h, k] contains both the sum of the weaknesses and the cumulative confidences for the I-Shortest path connecting the node h and the node k. Building the i-th neighbourhood of a node then costs O(n).
The time required to compute the maximum weight matching of a bipartite graph including n nodes is O(n 3 ) [8] . By construction, the number of nodes in each of the analyzed bipartite graphs is O(n iMAX ), thus that the maximum weight matching costs O(n 3 iMAX ). Both i-th neighbourhood extraction and maximum weight matching have to be computed for each of the n 2 triplets in SSD. Thus, the overall cost of the F SD construction is O(max((n 3 iMAX · n 2 ), n 3 ).
Application cases
In this section, we illustrate some specific cases that we used to validate the algorithm. We built some ad hoc examples discussed below for the purpose, where the involved networks have small size only for ease of exposition: the behavior of BI-GRAPPIN does not change in analogous situations when larger networks are considered, but illustrating examples with thousand of nodes would have been, we argue, less explanatory. Clear enough, however, in this case we are going to analyze the entire example networks, fixing i MAX suitably to this aim.
The first situation we analyzed is that illustrated in Figure 2 , where the starting similarity between the two target proteins p and p is f 0 = 0.600. In particular, in Figure  2 (b) the subnetworks including p , p and their neighbourhoods, up to the fourth level ones, are shown. Different grey tones highlight proteins in different neighbourhoods and edge labels are shown using two tables, one for each network, in Figure 2 (a). Pairings between proteins in corresponding neighbourhoods of the two target proteins, as returned by running BI-GRAPPIN, are shown in the table reported in Figure 2 (c). There, for each i-neighbourhood of p and p , the second column reports the SSD values corresponding to the triplets p h , p k , f hk , where p h and p k are the best matched i-neighbors. The third and fourth columns contain, respectively, the average neighbourhood similarity and the sum of the cumulative confidences of the unmatched nodes of the i-neighbourhood of p and p . The latter gives a measure of how much the unmatched nodes influence the final value of similarity. Finally, the fifth column shows p -p similarity, as refined at each stage i. Analyzing in detail the intermediate outputs of BI-GRAPPIN, we can observe that the starting f 0 = 0.600 between p and p is increased after analyzing the 1-neighbourhood, due to the high similarity of proteins in corresponding neighbourhoods paired during the matching process. Then, f p further increases after the analysis of the 2-, 3-, and 4-neighbourhoods, obtaining a final f p = 0.799, for i MAX = 4, that is, as expected, larger than f 0 .
The second situation we consider is that illustrated in Figure 3 , where the i-neighbourhood of p and p are explored up to i MAX = 3 and their starting similarity is f 0 = 0.850. From the analysis of Figure 3 , which is analogous to Figure 2 in terms of table structure, we can observe that the similarity between p and p decreases after the analysis of the first and the second neighbourhoods, where the average neighbourhood similarities are relatively small and there are some unmatched nodes. Then, f p weakly increases after the analysis of the 3-neighbourhood, for which the average neighbourhood similarity increases, while 
Figure 2
Example 1: proteins p and p have not too high f0 but very similar neighbourhoods. Thus, the final fp is larger than f0 . (a) 
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Example 3: proteins p and p have quite high f0, rather dissimilar 1-neighbourhood and very similar 2-neighbourhood. The final fp is larger, but not so much so that f0.
remaining lower than f 0 . This is supposedly correct, since even if the sequence similarity between p and p is high, their neighbourhoods share a low average similarity and present some unmatched nodes, indicating low functional similarity.
The third example is illustrated by Figure 4 , where i MAX = 2 and f 0 = 0.710. In this case, the similarity between p and p decreases after the analysis of the first neighbourhoods, where the average neighbourhood similarity is lower than f 0 . Then, f p increases after analyzing the 2-neighbourhood, where the average neighbourhood similarity is higher than the previous f p . This example highlights that, as also suggested elsewhere [3] , limiting the neighbourhood analysis to the first level only would not be sufficient for the sake of obtaining coherent results w.r.t. functional conservation, since p and p are supposedly involved in common biological processes but there is no evidence of that in their first level neighbourhoods.
To summarize, Example 1 shows that if two proteins have a relatively low f 0 but very similar neighbourhoods, then the final computed f p is significantly larger than f 0 . This confirms that BI-GRAPPIN is able to detect proteins with high similar interactors, thus possibly involved in common biological processes. Example 2 highlights that BI-GRAPPIN is also able to discern proteins that, even if characterized by high sequence similarity, have dissimilar interactors and, as such, they probably play different functional roles in the two organisms. This may be due, for example, to large changes caused by evolutive processes. Finally, Example 3 points out that the analysis of neighbourhoods farther than the first one is necessary, in order to obtain a correct measure of functional similarity.
Related Work
The works which are most related to ours are reported in [2, 21, 22] and, in fact, those that were used for the comparison purposes in our experiments. We begin by briefly discussing them.
In [2] , Bandyopadhyay et al. report on an effective strategy to identify functionally related proteins supplementing sequence-based comparisons with information on conserved protein-protein interactions. They first align two PPI networks using only sequence similarities, and then perform probabilistic inference (based on Gibbs sampling) to identify pairs of proteins, one from each species, that are likely to retain the same function. The approach presented in [2] has been specifically applied to resolve ambiguous functional orthology relationships in the S. cerevisiae and D. melanogaster PPI networks. In this paper, we have also analyzed the C. elegans network with this same aim. Furthermore, we will show in Section 4 that we applied BI-GRAPPIN to decide about functional orthology when sequence similarity may fail, but also to study proteins that are not yet well characterized in some species.
In [21] , Singh et al. present IsoRank, an algorithm for pairwise global alignment of PPI networks aiming at finding a correspondence between nodes and edges of the input networks that maximizes the overall match between the two networks. The algorithm works in two stages. First it associates a score with each possible match between nodes of the two networks. Second, it constructs a mapping for the global network alignment by extracting mutually-consistent matches according to a bipartite graph weighted matching performed on the two entire networks. The approach presented in [21] has been extended in [22] , where a multiple alignment among five PPI networks is illustrated. To this end, author the authors exploited an approximate multipartite graph weighted matching. In [21, 22] quantitative information are not taken care of.
The purpose of our work, that is, that of refining protein similarities through neighbourhoods exploration, differs from that of [21, 22] , where the problem of network global alignment is dealt with. Moreover, the exploitation of bipartite graph weighted matching as reported in [21] is quite different from ours, since there it is used for the final alignment of the two networks, whereas we applied it step-wise on pairs of neighbourhoods as the computational core of our algorithm.
Other works [11, 20, 7] are more loosely related to our own, but it appears anyway interesting to discuss them.
Kelley et al. proposed PATHBLAST [11] , that is, a procedure to align two protein interaction networks by combining interaction topology and protein sequence similarity, in order to identify conserved interaction pathways and complexes. They search for high scoring pathway alignments involving two paths, one for each network, in which proteins of the first path are paired with putative homologs occurring in the same order in the second path. PATHBLAST has been extended in [20] to compare more than two PPI networks. In particular, such extension is based on the generation of a network alignment graph where each node consists of a group of sequence-similar proteins, one for each species, and each link between a pair of nodes represents a conserved protein interaction between the corresponding protein groups. In [7] an algorithm for multiple network alignment, named Graemlin, is presented. Graemlin aligns an arbitrary number of networks to individuate conserved functional modules, greedily assigning the aligned proteins to non-overlapping homology classes and progressively aligning multiple input networks. The algorithm also allows to search for different conserved topologies defined by the user. It can be used either to generate an exhaustive list of conserved modules in a set of networks (network-to-network alignment) or to find matches to a particular module within a database of interaction networks (query-to-network alignment).
Similarly to [11, 20, 7] , the BI-GRAPPIN approach looks at conservation across PPI networks but, differently from them, it aims at singling out functional similarities between pairs of proteins, rather than focusing on the extraction of similar protein subnetworks.
Finally, we notice that BI-GRAPPIN is able to incorporate both quantitative and reliability information in its analysis, that are not exploited in [2, 21, 22, 11, 20, 7] .
Experimental validation
To validate our approach, we first tested it on the S. cerevisiae, D. melanogaster and C. elegans PPI networks to study its ability in individuating functional orthologs and comparing our results with those presented in [2, 22] . As illustrated in Section 4.1, the experimental results proved the effectiveness of our approach. Then, we aligned the yeast network with those of fly and worm, respectively, and analyzed the most interesting results obtained by the alignment, as illustrated in Section 4.2. We downloaded the available interactions for the three considered organisms from the DIP database [19] , at http://dip.doe-mbi. ucla.edu/. To date, no explicit information are available in DIP about strength or reliability of interactions. Thus, in our experiments, we set w = 1 and c = 1 for all edge labels, the function F of Definition 2.2 was simply chosen to be the identity function, i MAX was set to 2, so that n iMAX (that is, we recall, the maximum size of any of the sets
In order to evaluate protein-protein sequence similarities needed to construct the SSD, we exploited the Blast 2 sequences algorithm [25] , available at ftp://ftp.ncbi.nlm. nih.gov/blast/executables, to align protein sequences, and referred to BLAST Evalue parameter to measure the sequence similarity of pairs of proteins. In particular, after aligning two proteins p and p of two different organisms, we computed the sequence similarity function f 0 according to the following transformation:
where E is the BLAST E-value as returned by Blast 2 sequences [25] on input p and p . Note that the E-value may assume, in general, values greater than 1, and the lower it is, the more similar the protein sequences are. The formula reported above serves the purpose of both normalizing the sequence similarity function thus that it varies between 0 and 1 and obtaining significant variations when the E-value reaches very small values (corresponding to very similar sequences).
The algorithm was implemented on a 3.4 GHz Pentium IV with 4 GB RAM. The resulting running times were about 23 minutes for the yeast and fly networks comparison, about 4 minutes for yeast and worm one.
Functional orthologs detection
In this section, we discuss a set of experiments showing BI-GRAPPIN to be effective in detecting functional orthologs, that are, proteins codified by orthologs (i.e. genes in different species that originate from a single ancestor gene) performing the same function in two or more species [18, 2] . As pointed out in [2] , the analysis of protein interactions can help in eliminating ambiguity where sequence similarity is not sufficient. In particular, the approach presented in [2] proves that it is possible to resolve ambiguous functional orthology relationships in the yeast and fly PPI networks. In [22] , functional orthology detection was dealt with for PPI networks of five different organisms. We tested our method on two pairs of networks, that are, the yeast and fly ones, and the yeast and worm ones, respectively, comparing our results with those reported in [2] for the yeast and fly correspondences, and also with those of [22] for both alignments. Table 1 shows the results obtained for the yeast and fly networks. We considered the yeast and fly pairs of proteins for which sequence similarity is not decisive to detect functional orthology as reported in the supplemental material of [2] , available at http://www.cellcircuits.org/Bandyopadhyay 2006/. Within the networks, we chose those protein clusters where the sequence similarity is sufficiently high, because in such cases the discrimination may be considered more informative. Furthermore, we discarded those clusters where some of the component proteins have no interaction, since BI-GRAPPIN works on connected networks. Therefore, we focused on the Inparanoid clusters [15] , containing ambiguous functional orthologs, which are reported in the first column of Table 1 . The second column contains the similarity values returned by our algorithm for each pair of proteins (given in the range [0, 100], to better appreciate the differences with [2] ), whereas the third column reports the plausibility values returned by Bandyopadhyay et al. [2] . The symbol (bs) is used to indicate the best scoring pair. The last column contains the best scoring pairs according to [22] . In this respect, please note that the purpose of [22] is the global alignment of two or more input networks. Thus, it is not always the case that proteins recognized as functional orthologs by [22] corresponds to proteins in the same Inparanoid cluster. In these cases, a direct comparison between our method and that of [22] is not possible, and we referred as "out of cluster" to the results corresponding to such cases.
As it is evident from the table, our analysis agrees in most cases with that of [2, 22] (20 of 26 analyzed cases), and BI-GRAPPIN is able to discriminate functional orthologs in 21 of 26 analyzed cases. Table 2 shows the comparison between BI-GRAPPIN and [22] for the functional orthologs detection in the yeast and worm networks. Again, the first column shows the Inparanoid clusters, and the second and third columns illustrate the best scoring pairs according to our approach and the one of [22] , respectively.
Note that, in this case, BI-GRAPPIN always agrees with [22] , whenever the two approaches are comparable but, notably and differently from [22] , BI-GRAPPIN is always successful in discriminating among different protein pairs as shown by the occurrences of the bs label in Table 2 .
Common processes detection
As a further set of experiments, we aligned the S. cerevisiae network with the D. melanogaster and the C. elegans ones, resp., in order to individuate proteins involved in common biological processes. It is worth pointing out that the latter condition is different from functional orthology discussed in Section 4.1. Indeed, two proteins are recognized to be functional orthologs if, as already explained, they derive from orthologs and perform the same function in different organisms. On the other hand, proteins which are not necessarily functional orthologs might be anyway involved in common biological processes and it is known that commonalities between involved sets of interactors witness for this to hold. We first discuss the pairs of proteins illustrated in Table 3 , that are those scoring the highest refined similarity as computed by BI-GRAPPIN. We identify proteins by name, providing also the SWISSPROT id when the name may be ambiguous. The first two columns of Table 3 show the pairs of proteins corresponding to the first ten best scores for the S. cerevisiae and D. melanogaster networks. The biological analysis of this results, which is summarized next, points out that BI-GRAPPIN is able to correctly pair proteins with similar functions. In fact:
• proteins PP2A are phosphatases involved in signal transduction;
• Actin, Actin42A and Actin5c are cytoskeleton constituents;
• alpha-and beta-PDHE1 are components of Pyruvate dehydrogenase complex;
• RPT4 are components of the proteasome;
• alpha Importin and CSE1 are involved in nuclear export
• Hsc70 are homologs to heat shock proteins.
In the third and four columns of Table 3 , proteins corresponding to the top ten best scores for the S. cerevisiae and C. elegans are reported. As in the previous case, proteins with homologous functions are properly paired:
• tubulins, which constitute microtubules in both species;
• PMS1 and PMS2, required for DNA mismatch repair;
• phosphotases (PP1) and kinases (PKC, P53739, Q18846), involved in signal transduction;
• proteins RFC, which are subunits of the replication factor required for the duplication of the DNA strands.
Several proteins whose function has not yet been well characterized are also listed, some of which are however known to be able to bind ATP (Q08726, O01426, Q9XW68) and one is involved in glycogen synthesis, namely Gsy1.
A further interesting issue that merits discussion concerns the possibility for our technique to infer connections of not well characterized proteins to specific biological processes, even when involved sequence similarities are not particularly significant. Figure  5 (a) illustrates some examples of protein pairs, obtained by analyzing the yeast and the fly networks, where the refined similarity is higher than the sequence similarity, since a significant neighbourhood similarity has been retrieved. It is understood that such an increasing in similarity is supposedly correct, since proteins under consideration are actually biologically related. Indeed:
• Cyclin B1, Cyclin B4, MSA2 and Cyclin D are key switches of cell cycle progression in yeast and fly, respectively;
• Cnb1 is the calcineurin B, a regulatory calcium binding protein such as the protein P48593;
• Cofilin, twinfilin and Abp1 are all involved in the regulation of the actin cytoskeleton;
• PTP2 and PTP-ER are both tyrosine phosphatases;
• YPT11 and Rab-RP4 are both Rab like proteins regulated by GTP hydrolysis.
Comparing yeast to worm ( Figure 5 (b)):
• Prr1 and Mak-2 are kinases downstream of the MAPK activation;
• Tap42 is involved in Tor signaling pathway and Q9N4E9 protein is similar to it;
• Cdc37 and its worm homolog are kinase regulators;
• Fcy1 and Cdd2 are both pyrimidine deaminases.
It is important to note that the worm proteome is less characterized than the yeast one, and that for many of its gene products, functions (and sometimes names) have been assigned automatically on the basis of sequence homology. We believe that our method can be much helpful for confirming or not this predictions by neighbourhood analysis. This is, for instance, the case for the protein Q9N4E9 which is similar to Tap42 but no other information are available, for Q21021, similar to the yeast Ran BP2, and for Q21746, which contains TPR repeats like the co-chaperone yeast CNS1. The O44175 protein is also probably involved in cell duplication as the yeast CTF18.
Finally, note that the pairs reported in the last three rows of the table in Figure 5 (a) and the last row in Figure 5 (b) score a sequence similarity close to zero.
Overall, this confirms that BI-GRAPPIN is able to correctly reconstruct useful information from neighbourhoods analysis (whenever available), that are not predictable from the sole sequence similarity.
However, it is worth pointing out that BI-GRAPPIN results strictly depend on the correctness and completeness of interaction data stored in databases, where false positive/negative may occur and, unfortunately, as already pointed out, available data are sometimes characterized by low reliability [1, 5, 23] . The example illustrated below shows as BI-GRAPPIN results improve when interaction information become more accurate. We considered proteins Rnp11 of yeast and fly, having a sequence similarity equal to 1, that is, the maximum possible value, which is decreased by neighbourhood analysis as low as 0.685. Such a decrease is due to the fact that, according to the data stored in the DIP database, the yeast Rnp11 has 24 neighbors, whereas the fly one has only 2 neighbors. Figure 6(a) illustrates such a situation. The figure has been drawn by using PIVOT [16] , and SWISSPROT ids have been adopted as node labels to distinguish proteins. In particular, the yeast Rnp11 has SWISSPROT id equal to P43588, whereas the fly ones is Q9V3H2. We tried to complete the neighbourhood of the fly Rnp11 with some missing data, referring to [9] , and obtaining the neighbourhood shown in Figure 6(b) , where the proteins that are not listed in the DIP database as Rnp11 interactors have been added. Running BI-GRAPPIN on the thus obtained new data network, we obtained a refined similarity of 0.777, that may be considered more correct than the rather smaller value 0.685 previously obtained, since both the yeast and fly Rnp11 proteins are indeed part of the well known proteasome complex performing ubiquitinated proteins degradation in both organisms.
Concluding Remarks
In this paper, we dealt with the problem of searching for similarities in PPI networks and proposed an algorithm based on the exploration of network nodes neighbourhoods, by computing a bipartite graph maximum weight matching. The main idea is that proteins with similar neighbourhoods are probably involved in similar biological processes, inducing a concept of similarity which is based on both sequence and network information. One of the peculiarities of the approach is its capability of incorporating in its analysis both quantitative and reliability information, used to both distinguish nodes belonging to different neighbourhoods and to take into account reliability of available interactions. Experimental evaluations showed that our technique may be profitably exploited to detect functional orthologs when ambiguities may derive from the sole sequence similarity analysis, and also to correctly associate proteins involved in the same biological processes. Thus, we argue that BI-GRAPPIN can be regarded as a powerful tool to analyze PPI networks, whose already satisfactory accuracy will be further improved by the future availability of more complete and precise data about protein interactions.
In future work, we plan to apply the technique, that is easily generalizable, to other biological networks (e.g., metabolic pathways or gene networks). Furthermore, we are working to extend the algorithm to search similarity in multi-aligned networks. Note that such an extension seems to be a natural one for our technical framework, as it supposedly simply requires to exploit a multipartite graphs maximum weight matching algorithm in the place of the bipartite one. In this respect, also for this multipartite graphs case, the maximum weight matching would involve neighbourhoods having a number of nodes much smaller than entire networks. This is important to make it viable to exploit exact multipartite graph weighted matching techniques, in the place of approximate ones, necessarily required in order to deal with graph matchings over entire networks, as required by other approaches [22] .
